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Abstract
This research aimed at assessing the approaching of Multi-Spectral Remote Sensing (MS-RS) data for estimating water quality
(WQ) of Rosetta branch (RB) using stepwise regression technique. The methodology was based on developing an algorithm for
estimating WQ using the Worldview-2 bands reflectance. Results showed that the optical WQ parameters as total suspended solids
(TSS) and chlorophyll-a (Chl-a) were acceptably estimated using MS-RS data with high confident. The optical WQ parameters are
the most likely affecting the reflected radiation that sensed by the satellite. However, this research expanded to select non-optical WQ
parameters such as pH value and biological demand (BOD) that is less likely affecting the radiation reflectance, nevertheless, still
correlated to optical WQ parameters. The determination coefficient showed significant high values for ortho-phosphate (OP), total
dissolved solids (TDS), Chl-a and pH with different mathematical formulations depending on pollution level. The results showed
that, it is promising to perform routine WQ monitoring programs on different water bodies, even for those has relative narrow width
as RB, using MS-RS data.
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.  Introduction
Egypt faces a rapidly increasing deterioration of its surface and groundwater due to heavy discharges of pol-
uted domestic and industrial effluents into its water bodies. In addition, excessive use of pesticides and fertilizers in
griculture also causes water pollution problems (Jahin et al., 2009).
According to Rifaat and Mohamed (2004) the Nile River system receives a large quantity of industrial, agriculture
nd domestic wastewater; however, it is still able to recover in virtually all the locations, with very little exception.
he Rosetta branch (RB), as part of this system, flows downstream Delta Barrage to the north-west about 225 km and
nds with Idfina barrage which regulates the excess flow of the branch. It is considered the main source of fresh water
or the western side of the Nile Delta. Idfina barrage regularly releases water to the Mediterranean Sea during winter
losure period.
Along RB, there are two main causes of pollution which degrade the quality of water. These are agricultural and
ndustrial points discharging directly into the branch. The major agricultural source, further Talla and Sabal drains, is
ahawy drain. The significance of that drain is that, besides agriculture drainage water, it carries sewage effluents of a
ide of great Cairo (i.e., about 2.2 million m3/day) besides some industrial effluent. These effluents would conceivably
lter the composition of natural environment of the branch and consequently affect the ecological conditions prevailing
El Gammal and El Shazely, 2008).
The traditional measurement of water quality requires in situ sampling, which is a costly and time-consuming effort.
ecause of these limitations, it is impractical to cover the whole water body or obtain frequent repeat sampling at a
ite. This difficulty in achieving successive water quality sampling becomes a barrier to water quality monitoring
nd forecasting (Senay et al., 2001). It would be advantageous to watershed managers to be able to detect, maintain
nd improve water quality conditions at multiple river and lake sites without being dependent on field measurements
Shafique et al., 2003).
Remote sensing techniques have the potential to overcome these limitations by providing an alternative means of
tudying and monitoring water quality over a wide range of both temporal and spatial scales. Several studies have
onfirmed that remote sensing can meet the demand for the large sample sizes required for water quality studies
onducted on the watershed scale (Senay et al., 2001). Hence, it is not surprising that a significant amount of research
as been conducted to develop remote sensing methods and indices that can aid in obtaining reliable estimates of
hese important hydrological variables. These methods ranged from semi-empirical techniques to analytical methods
or estimating and producing quantitative water quality maps (Dekker, 1997 as cited in Shafique et al., 2001). Several
esearch articles (Gitelson et al., 1993; Dekker et al., 1996, 2002) had developed different prediction models for lake
ater quality parameters using satellite spectral bands with several ratios or indices. These water quality parameters
ave included chlorophyll-a, suspended matter and turbidity, as they most likely change the water color.
Most satellite remote sensing studies have chosen optical property parameters such as chlorophyll a, turbidity or
olored dissolved organic matters (Coskun et al., 2008). Recently, there have been some studies advocating for the use
f a satellite remote sensing approach to determine nutrient distributions in lakes because of the advantage of synoptic
overage that is not available from traditional sampling methods (Chen and Quan, 2012). Few studies have attempted
o monitor and model nutrient data, since these models do not yield results as statistically strong or consistent as
onstituents that have optical properties (Chen and Quan, 2012; Dewidar and Khedr, 2001; Wu et al., 2010). Dewidar
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and Khedr (2001) studied phosphorus and nitrogen levels in Egypt’s waters using Landsat TM imagery with statistically
significant results for these parameters. Chen and Quan (2012) used Landsat TM imagery to attempt to predict nitrogen
and phosphorus concentrations in Tiahu Lake, China with some successful results for phosphorus (R2 = 0.63), and less
successful results for nitrogen (R2 = 0.24).
In Egypt, most of the earlier researches on water quality monitoring using remote sensing technology were focusing
on the wide water bodies as lakes. However, this research was focusing on different characteristics, relatively narrow
water body (i.e., Rosetta branch).
In using regression models for prediction, too many regressors cause a higher prediction variance whereas too few
regressor variables give a biased prediction. This requires a compromise and is the reason for subset selection. The
problem of determining the best subset of variables has long been of interest to applied statisticians and, primarily
because of the current availability of high-speed computation, this problem has received considerable attention in the
statistical feature. Methods and criterion functions for subset selection are reviewed by Hocking (1976).
This work aimed at assessing the use of MS-RS data for estimating of Rosetta branch water quality using statistical
techniques. The work was based on developing an algorithm for estimation of water quality using the Worldview-
2 bands reflectance. This research expanded to select non-optical parameters such as pH and biological oxygen
demand (BOD) that is less likely affecting the radiation reflectance nevertheless still correlated to water quality
parameters.
2.  Methodology
Most previous studies focused on the discovery of the relationship between remote sensing data and in situ measure-
ments. However, this research was expanded to select laboratory parameters such as FC and ortho-phosphate that is
less likely affecting the radiation reflectance nevertheless still correlated to water quality. Remote sensing was further
confirmed to be very useful on establishing a time cost effective method for the routine monitoring of different water
body. In the future the solution to water quality issues can be solved rapidly using these technologies for sustainable
water resources management.
2.1.  Study  area
This study focused on the area started upstream Rahawy drain outfall into Rosetta branch toward the downstream
of about 17 km where the drain water shows its influence on the branch. Rosetta River Nile branch represents the main
freshwater stream that extends northwards for about 225 km on the western boundary of the Nile Delta from Egypt’s
Delta barrage. Fig. 1 shows the area under study of Rosetta branch with adjacent suburban.
The selected sampling sites were lay at the southern part of the Rosetta branch where Rahawy drain outfall is located.
For the purpose of identifying the sampling locations and its correspondence with the remote sensing data, a ground
control points were established. The ground control points were collected using global positioning system (GPS), to
rectify the satellite image.
GPS is also used to determine the ground control points in the reconnaissance survey. Therefore, the necessity
of these water samples for the classification process highly depends on the accuracy of the fieldwork and laboratory
analysis.
The objective of water sampling should be the collection of a “representative” sample of water conditions over
specified water body. Therefore sampling equipment, sampling method, monitoring locations, and sample handling
procedures should not alter the chemistry of the sample. Because there is a significant difference between water qualities
near eastern bank of the branch compared to near western bank, the field and satellite data are analyzed considering
two different cases as follows:
• Case  1: the assessment and estimation of the regression model between the water quality data collected near eastern
bank of Rosetta branch and the corresponding satellite data.• Case  2: the assessment and estimation of the regression model between the water quality data collected near western
bank of Rosetta branch, where Rahawy drain is discharging, and the corresponding satellite data.
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Fig. 1. Imagery covering the area under study of Rosetta branch with sampling locations.
Table 1
Descriptive statistics of water quality variables along Rosetta branch.
Water quality
parameter
Near west bank Near east bank Law 48/1982
Min Max Mean Std dev. Min Max Mean Std dev.
pH 7.06 8.04 7.42 0.18 7.24 8.27 7.62 0.28 7–8.5
DO (mg/l) 0.2 6.9 1.17 1.36 0.3 8.2 3.8 2.6 >5
TA (mg/l) 124 287 203 36 111 229 170 30 150
TDS (mg/l) 182 776 427 150 178 473.54 317 97 500
TSS (mg/l) 8 98 30.2 18.0 8 34 20.08 6.40
OP (mg/l) 0.023 5.9 0.517 0.724 0.02 0.696 0.199 0.119
BOD (mg/l) 2 90 26.9 20.6 1 35 9.4 8.0 6
COD (mg/l) 3 108 34.5 24.9 2 39 13.1 9.0 10
Chl-a (mg/l) 0.5 148.96 12.56 21.81 0.5 59.28 11.44 12.59
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Table 2
Paired-samples t test of water quality variables between both sampling sets.
Paired Paired differences t df Sig.
(2-tailed)
Mean Std.
deviation
Std. error
mean
95% confidence interval
of the difference
Lower Upper
W (pH) – E (pH) −0.2859 0.3191 0.0774 −0.4499 −0.1218 −3.694 16 0.002
W (DO) – E (DO) −3.9294 3.1160 0.7558 −5.5315 −2.3273 −5.199 16 0.000
W (TDS) – E (TDS) 166.353 155.840 37.797 86.227 246.479 4.401 16 0.000
W (TSS) – E (TSS) 10.118 21.371 5.183 −0.870 21.106 1.952 16 0.069
W (TA) – E (TA) 34.118 37.311 9.049 14.934 53.301 3.770 16 0.002
W (OP) – E (OP) 0.521824 0.463154 0.112331 0.283692 0.759955 4.645 16 0.000
W (BOD) – E (BOD) 25.765 23.860 5.787 13.497 38.033 4.452 16 0.000
W (COD) – E (COD) 35.941 31.222 7.572 19.888 51.994 4.746 16 0.000
W (Chl-a) – E (Chl-a) −0.57286 1.53392 0.40996 −1.4585 0.31280 −1.397 13 0.186
Table 3
The regression equations of water quality parameters over Rosetta branch (east side).
W.Q. parameters (log scale) R2 Equations
pH 0.607 =0.713 − (4.336/B7) + (9.166/B6) + (42.187/B3) − (9.630/B5) + (16.042/B4)
DO 0.440 =−3.706 − (124.179/B7) + (213.452/B6) + (1033.090/B3)
TDS 0.818 =3.413 − (172.209/B2) + (10.851/B8) − (60.614/B4)
TSS 0.388 =3.003 + (94.349/B5) − (460.265/B3) − (208.127/B1) + (20.013/B7) − (49.474/B6)
TA 0.769 =2.517 − (101.969/B2) + (8.111/B7) − (31.720/B6) + (83.209/B1)
OP 0.189 =−0.516 + (81.002/B7) − (131.951/B5)
Chl-a 0.656 =5.906 + (727.830/B5) − (321.436/B6) − (1596.481/B3) − (1136.814/B4) + (647.486/B1)
BOD 0.476 =4.106 − (600.763/B2) + (88.565/B7) − (231.461/B6)
COD 0.429 =3.684 − (494.576/B2) + (66.693/B7) − (176.324/B6)
Total Coliform 0.484 =25.255 − (586.640/B5) + (363.640/B7) − (2942.243/B1) − (1853.699/B2)
Fecal Coliform 0.137 =9.001 − (1041.002/B3)
2.2.  Imagery  data
WorldView-2 is the first commercial high-resolution satellite to provide eight spectral sensors in the visible to
near-infrared range. Each sensor is narrowly focused on a particular range of the electromagnetic spectrum that is
sensitive to a particular feature on the ground, or a property of the atmosphere. Worldview-2 is the first high-resolution
satellite with 0.5 m panchromatic and 2 m multispectral resolutions. It was launched in 2009 and includes 8 spectral
bands. In this Research, the 8 spectral bands were identified with B1, B2, etc. The inclusion of Yellow, Red-Edge,
NIR1 and NIR2 bands are very sensitive to vegetation pigments and therefore this data is expected to be very useful for
vegetation analysis such as precision agriculture (e.g. discriminate vegetation species), environmental mapping (e.g.
identify regions of plant stress), etc. Four WorldView-2 images acquired on 2010 and 2011 were used in this study.
These images were used due to its relatively less cloud cover (10%) in the study area compared to other dates in the
archive.
2.3.  Water  sampling  procedures
Water was sampled from pre-defined cross sections over the branch. Two water samples were collected, over each
cross section, 20 m away from west and east banks of the branch. In total, 38 water samples were collected during
different agriculture seasons from the study area downstream Rahawy drain. The water sampling was carried out
during four field trips in November 2010, April, July and, December 2011. A number of water quality variables were
measured at field during sampling; however, the rest of water quality variables were analyzed at the Central Laboratory
for Environmental Quality Monitoring (CLEQM) of the National Water Research Center. All physicochemical and
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Fig. 2. Normality of residuals for chlorophyll-a.
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aFig. 3. Normality of residuals for TSS.
iological variables were analyzed according to the standard methods for lab examination of water and wastewater
uggested by American Public Health Association (APHA, 2005).
Nineteen sampling locations on each bank side (i.e., east and west) were sampled four times with more water samples
n-between the sampling groups and upstream Rahawy drain outfall. The calculations carried out on 74 records for east
ide and 72 for west side. Some sampling locations were eliminated in one or more field trips due to quality insurance
f WQ sampling. The data size is 146 records in total presenting, for each sample, different water quality parameters
nd the corresponding spectral imagery data.
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Fig. 4. Normality of residuals for pH.
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This study focused on the Rosetta branch which considered the main source of fresh water for the western side of
the Nile Delta. The established and analyzed the combined remote sensing and statistical methods was to retrieve water
quality focusing on several and diverted variables namely pH, dissolved oxygen (DO), total dissolved solids (TDS),
total suspended solids (TSS), total alkalinity (TA), ortho-phosphate (OP), biological oxygen demand (BOD), chemical
oxygen demand COD, chlorophyll-a (Chl-a), fecal coliform (FC) and total coliform (TC).
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a.4.  Statistical  model  development
The final step consists of the development of the algorithm which is able to predict clarity values from spectral
eatures of the satellite imageries. When a continuous dependent variable from a number of independent variables
s required, a regression analysis recommended to be carried out, in this case a multiple linear regression. Standard
ultiple regression allows us to discover how well each independent variables (i.e., spectral values) predicts the
ependent variable (i.e., water quality parameters). Multiple regression models with spectral ratio have found to be
ore robust and more reliable than the regression model with single band (Vincent et al., 2004). For this reason,
tepwise selection method was used to determine the best fitting model.
The statistical analysis had been carried out using the SPSS Statistics software package (by SPSS Inc.). It was
cquired by IBM in 2009. The software name stands for Statistical Package for the Social Sciences (SPSS).
The Stepwise Regression Analysis basically selects a sub-set from a list of explanatory variables (i.e., independent
ariables). Most statistical software has a facility for carrying out stepwise regression, forward selection and backward
limination of variables based on their overall contribution to the F  statistic. Significance of F can be set by the
ndividual or left to the default value.
Stepwise regression removes and adds variables to the regression model for the purpose of identifying a useful
ubset of the predictors. Stepwise first finds the explanatory variable with the highest correlation, represented in the
oefficient of determination (R2), to start over. It then tries each of the remaining explanatory variables until it finds
he two with the highest R2. Then it tries all of them again until it finds the three variables with the highest R2, and so
n. The overall R2 gets larger as more variables are added.
The change in the R2 statistic is produced by adding or deleting an independent variable. If the R2 change associated
ith a variable is large, that means that the variable is a good predictor of the dependent variable.
Only variables significantly and linearly related to the dependent variable (i.e., the WQ parameter) are included
n the model. The analyst may select minimum significance levels for inclusion or removal. The precession of WQ
arameter accounts on whole model of adding new independent variable’s rather than effect on WQ parameter in
solation. This makes the stepwise regression computationally efficient. All the standard assumptions for regression
nalysis were fulfilled, including:
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•  The sample is representative of the population for the inference prediction.
• The error is a random variable with a mean of zero conditional on the explanatory variables.
• The independent variables are measured with no error.
• The predictors are linearly independent.
• The variance of the error is constant across observations (homoscedasticity).
3.  Results  and  discussion
The descriptive statistics shown in Table 1 were measured for the data collected from the measuring sites near
to west, where Rahawy drain discharging, and east banks of the branch, respectively. Comparing the mean value of
each variable with the standard limits recommended by Law 48/year 1982, it was found that TA, COD, BOD and
DO variables have mean values exceeding the permissible limits recommended by the most recent executive arts (i.e.,
issue of 2013) of law 48/1982 (i.e., 6 mg/l for BOD, 10 mg/l for COD and greater than 5 mg/l for DO). The high
values of COD, BOD and consequently low values of DO along Rosetta branch indicate that the Branch receives
non-biodegradable and biodegradable organic matter. Table 2 shows the paired-samples t test of water quality variables
between east and west sampling sets. The paired-samples t  test procedure is used to test the hypothesis of no difference
between two variables. The results show a significant difference between the east and west samples for all the water
quality parameters except for TSS and Chl-a.
Case 1: as listed in Table 3, the regression models between the water quality data collected near to the eastern
bank of Rosetta branch and the corresponding satellite data were formulated using stepwise multiple linear regression
technique. All formulated models were representing acceptable regressive correlations (i.e., greater than 0.4) especially
for pH, TDS, TA, BOD, COD, Chl-a. The higher R2 means that the variables (i.e., spectral bands) are good predictors
of the dependent variable (i.e., WQ parameter).
The normality of residuals is used for indicating goodness of fit of the regression model. The normality plots of
the residuals of the generated models follow the normal distribution. The normality plots of Chl-a, TSS, and pH is
illustrated in Figs. 2–4 respectively as representatives of the generated models. The residuals of the regression models
compared to field observations follow normal distribution.Figs. 5–7 show the modeled water variables against the observed value. The modeled results show a smoother
variation than the observed data. There was a significant variance between calculated and field observed data of the
Chl-a; however, both data sets show the same spatial trend as shown in Fig. 5. However the coefficient of determination,
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Table 4
The regression equations of water quality parameters over Rosetta branch (west side).
W.Q. parameters (log scale) R2 Equations
pH 0.705 =0.834 + (3.078/B6) − (8.214/B5) + (14.249/B4) + (4.625/B2)
DO 0.376 =0.555 + (307.840/B6) − (122.283/B5) − (484.740/B1)
TDS 0.628 =3.355 − (178.064/B2)
TSS 0.448 =2.808 − (126.321/B6) − (510.892/B3) + (204.425/B5) − (39.815/B7)
Total alkalinity 0.273 =2.550 − (57.887/B2)
Ortho-phosphate 0.800 =0.239 − (139.542/B4)
COD 0.159 =2.262 − (199.123/B2)
BOD 0.119 =2.118 − (195.854/B2)
Chlorophyll 0.499 =2.532 + (640.043/B5) − (110.210/B7) − (1225.524/B3) − (253.469/B6)
Total Coliform 0.358 =−2.855 + (2597.908/B1) + (3935.777/B3) − (1323.041/B4) − (2004.980/B2)
Fecal Coliform 0.594 =−4.763 + (7658.036/B1) + (4977.938/B3) − (5443.499/B4) − (4416.997/B2) +
s
s
q
a
b
i
o
i
n
r
t(677.579/B5) − (685.448/B8) + (1114.290/B6) + (518.395/B7)
howed at the lower part of Fig. 5, which computed for the regression between the measured and calculated Chl-a
how a relatively slight value.
The calculated TDS values show the best visual matching with its observed data among all the analyzed water
uality variables as seen in Fig. 6. Despite that pH is classified as non-optical water quality parameter, both field
nd calculated data sets show a good agreement as seen in Fig. 7. The coefficient of determination for the regression
etween the measured and calculated TDS and pH values were about 0.8 and 0.6 respectively as seen in Figs. 6 and 7
ndicating a good fitting.
Case 2: in Table 4 the regression equations to estimate the water quality variables from the satellite data applied
n the field data collected near to the western bank of the sampling area on the Rosetta branch are given. This data
s representing the effect of Rahway drain on the branch. However, the regression models estimated for water quality
ear western bank show a different trend than these estimated for water quality near eastern bank. These differences in
egression equations were due to the variance in pollution level that is significantly affecting the reflected radiation to
he satellite. The higher R2 presented in Table 4 means that the spectral bands are good predictors of the WQ parameter.
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Fig. 8. Relationship between observed and calculated values of chlorophyll-a (west side).
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The concentrations of chlorophyll-a near west bank show much different behavior than near east bank as shown
in Figs. 5 and 8. The variation in Chl-a  concentration from cross section to another is moderately less in the water
samples near west bank where Rahawy drain is discharging than those near east bank; however, the concentrations
near west are higher.
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The TDS concentrations, in general, show higher values near west bank (see Fig. 9) where Rahawy drain is dis-
harging than those near east bank (see Fig. 6). The high TDS concentration illustrates that the high pollution levels
ome from the drain. After the outfall of Rahawy drain the pH level of RB decreased by 0.2 as illustrated in Fig. 10.
It is worth to mention that, the higher pollution level along the western side of the branch affect the satellite image
n a matter that decrease the correlation between satellite data and field observations of water quality variables.
.  Conclusions
This study showed significant correlations between the non-optical water quality variables and remote sensing data
n Rosetta branch water. The use of satellite image data in water quality monitoring is a promising process. Not all
he water quality parameters respond similarly to the statistical analysis for the estimation of the relationship between
atellite data and earth observations. The water quality parameters that affect the water color (i.e., chlorophyll-a and
SS) furnished good correlation with satellite data than the non-optical WQ parameters that slightly affect water color
i.e., oxygen related), nevertheless, those parameters are still very satisfactory.
Due to the significant difference between the WQ of the east and west data sets, the regression models estimated for
ater quality near western bank show a different formulation than these estimated for water quality near eastern bank.
hese differences in regression formation were obviously due to the variance in pollution level that is significantly
ffecting the reflected radiation to the satellite.
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